This paper presents a risk-based approach for classifying the road surface conditions of a highway network under winter weather events. A relative risk index (RRI) is developed to capture the effect of adverse weather conditions on the collision risk of a highway in reference to the normal driving conditions. Based on this index, multiple risk factors related to adverse winter weather conditions can be considered either jointly or separately. The index can also be used to aggregate different types of road conditions observed on any given route into a single class for risk-consistent condition classification and reporting. Two example applications are shown to illustrate the advantages of the proposed approach.
INTRODUCTION
In countries with severe winter seasons, transportation agencies often face significant challenges in meeting the safety and mobility needs of road users. To address these challenges, most agencies have a comprehensive winter maintenance program in place, specifying service policies and standards, best practices, and performance measurement guidelines. Essential to these programs is monitoring and reporting of road surface conditions and weather, using a variety of methods such as Road Weather Information Systems (RWIS), patrolling, and friction measurements. This information can be used by maintenance operators to assess the needs for maintenance service during winter events and by the road users to make informed decisions on when, where and in what mode to make their trips. This information is also useful for evaluating the effectiveness of different treatment methods and the quality of the maintenance services.
A common approach to classifying winter road surface conditions (RSC) for reporting and monitoring is using some predefined descriptive classes, such as bare pavement, bare lane, bare track, and snow covered. A wide variety of terminologies and classification systems is currently being used in practice by different countries and jurisdictions (e.g., Boselly 2000; Al-Qadi et al.
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Fu, Thakali, Kwon, and Usman 4 (RRI) is introduced to better reflect the relative safety level of various RSC categories. In particular, this research has the following two specific objectives:
• Extend the use of proposed risk measures to determine the overall risk level of highway sections in terms of RSC classes as RSC data are typically collected over individual section of highways and requires an approach to combine them to a longer section for reporting purpose; and,
• Compare the analysis results based on alternative approaches (conventional approach vs proposed approach). This paper is organized as follows. Section 2 provides a brief review on common RSC classification and reporting practices. Section 3 gives an overview of the data sources, data processing and summary results of collision model. In Section 4, a relative risk index is introduced followed by its application in RSC classification. In Section 5, some example applications are used to illustrate the application of the proposed approach. Finally, conclusions and recommendations are presented in Section 6.
Fu, Thakali, Kwon, and Usman
5
There appears to exist significant inconsistency among the states in reporting road surface conditions both in terms of the number of categories and the terminologies used to describe the conditions. For example, North Dakota Department of Transportation (DOT) groups RSCs into seven main categories while Missouri DOT uses only four. It was suggested that the use of inconsistent reporting terminologies could cause problems for road users when crossing states boundaries. A list of terminologies was therefore recommended; however, the categories seem to have been arbitrarily chosen without explicitly considering the risk associated with each of these categories. Note that the common practice of road agencies for disseminating RSC information to travelers is to broadcast through a traveler information portal known as 511 system (http://www.fhwa.dot.gov/trafficinfo/511.htm) or their individual web portals. Similarly, in Northern European countries and Japan, a variety of road surface categories have been defined to reflect the potential impact on the driving task as described in Table 2. For example, Sweden classifies RSCs into five categories while Finland and Japan (Hokkaido) adopt a system of 6 and 13 categories, respectively. Some of these countries collect friction data, which is then mapped to road surface condition classes. Note that friction measurements are also used to evaluate performance of ice and snow control activities in order to compare efficiency of alternative treatments and service level (Al-Qadi et al. 2002) . Again, there is a lack of uniformity and justifications in defining condition classes and related service standards.
In Canada, most provinces and territories have their own winter road condition classification and reporting systems. For example, the Ministry of Transportation Ontario (MTO) implements a condition description system including 7 major categories and 486 subcategories for reporting possible road conditions in the winter season (Usman et al. 2012) . While the subcategories are useful for maintenance operations, only the main categories are used for reporting purposes and D r a f t Fu, Thakali, Kwon, and Usman 6 disseminated to the public through its own information portal system. Similarly, Ministry of Transportation Alberta and Ministry of Transportation Quebec classify road surface conditions into three categories -bare (dry or wet), partly covered (snow or ice) and covered (snow or ice) -and broadcast these information through their 511 reporting system (http://511.alberta.ca/legend.html).
The Transportation Association of Canada (TAC) has recently made an effort to develop a consistent and uniform taxonomy of the RSC classification system that can be used by all Canadian road authorities (TAC 2011). Many Canadian road authorities have started to adopt this system for the reporting purpose. In its proposed method, road conditions are divided into eight categories based on a set of heuristic rules. The classification scheme considers the extent of longitudinal and cross sectional coverage (i.e., bare, partly or fully covered) and types of contaminants (i.e., wet, snow, snow packed, ice) with the priority given to the most severe condition based on 80/20 rule, as shown in Fig. 3 . For example, according to the 80/20 rule, if more than 20% of a road section affected by snow and ice is covered by ice, then it would be classified as Partly Ice Covered, while if more than 20% is covered by packed snow, then it would be classified as Partly Snow Packed. Such rules are simple to apply, but may not be suitable to distinguish a variety of mixed road surface conditions that could be observed in the real world. Moreover, there is a lack of justifications on the selection of the threshold values (e.g., 80/20 rule).
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METHODOLOGY
In this study, we propose risk level approach for classifying RSCs into different categories that could be used for monitoring winter road maintenance and reporting driving conditions to the travelers specifically in winter season. The risk of a road during a winter event is determined using a collision model calibrated using historical collision data from six winter seasons (2000) (2001) (2002) (2003) (2004) (2005) (2006) along with traffic count, weather, and RSC data from different sources for 31 highway sections of Ontario, as depicted in Fig. 4 . Following sections explain data sources and data processing steps followed by formulation of relative risk index and model calibration. 
Data Sources
The following section briefly details the different data sources used for the analysis and their processing. It should be noted that all the data sources were either in hourly format or converted to hourly format for integration and merging. The start and end point coordinates of the selected 31 routes/ road sections were used to assign the various data sources to these sections.
Traffic Collision Data
Collision data for the study routes was obtained from the Ministry of Transportation, Ontario (MTO). The database includes detailed information on each collision, including collision time, collision location, collision type, impact type, severity level, vehicle information, driver information, road and weather conditions at the time of collisions etc. Collision data is recorded D r a f t Fu, Thakali, Kwon, and Usman 8 as a person based data and was therefore converted to hourly based collision data by stepwise aggregation of the persons in a vehicle, vehicles in a collision and collisions in an hour.
Traffic Volume Data
This data was obtained from two sources: MTO COMPASS system and permanent data count stations (PDCS) in hourly format. Both COMPASS and PDCS use loop detectors for collecting traffic data such as volume, speed and density. The raw data from the two sources was screened for any outliers caused by detector malfunction and then merged into hourly traffic volume data.
In cases where multiple readings were available for a segment (e.g. from both sources and/or multiple detectors), average values were used.
Road Condition Weather Information System (RCWIS) Data
This data contains information about road surface conditions, maintenance, precipitation type, accumulation, visibility and temperature. RCWIS data is collected by MTO maintenance personnel, who patrol the maintenance routes during storm events; 3 to 4 times on the average.
Information from all patrol routes is conveyed to a central system six times a day. Instead of stations, this data is collected for road sections. Each observation contains information regarding the section of road to which it belongs. This data was converted to an hourly format by averaging weather and road surface information and totaling the maintenance operations in an hour.
One of the most important pieces of information in this data source is the description of road surface conditions available in form of a categorical measure (with 7 major categories and 486 subcategories). These categories have intrinsic ordering in terms of severity, meaning that a more analytically useful measure would be an ordinal one. While binary variables could be used to code ordinal data, it would mean the loss of information in the ordering. Hence, it was decided to use an interval variable to map the RSC categories and at the same time make sure that the new D r a f t Fu, Thakali, Kwon, and Usman 9 variable would have physical interpretations. Road surface condition index (RSI), a surrogate measure of the commonly used friction level, was therefore introduced to represent different RSC classes described in RCWIS. A friction surrogate is used since there have been a number of prior field studies available focusing on the relationship between descriptive road surface conditions and friction, providing the basis to determine boundary friction values in each category. To map the categorical RSC into RSI, the following procedure was used:
• The major classes of road surface conditions, defined in RCWIS, were first arranged according to their severity in an ascending order as follows:
Bare and Dry < Bare and Wet < Slushy < Partly snow covered < Snow Covered < Snow Packed < Icy This order was also followed when sorting individual subcategories within the major classes.
• Road surface condition index (RSI) was defined for each major class of road surface state defined in the previous step as a range of values based on the literature in road surface condition discrimination using friction measurements (Wallman et al 1997; Wallman and Astrom 2001; Transportation Association of Canada 2008; Usman et al. 2010) . For convenience of interpretation, RSI is assumed to be similar to road surface friction values and thus varies from 0.05 (poorest, e.g., ice covered) to 1.0 (best, e.g., bare and dry).
• Each category in the major classes is assigned a specific RSI value. For this purpose, subcategories in each major category were sorted as per Step 1 above. Linear interpolation was used to assign RSI values to the subcategories.
Road Weather Information System (RWIS) Data
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This data source contains information about temperature, precipitation type, visibility, wind speed, road surface conditions, etc., recorded by the RWIS stations near the selected maintenance routes. All data except precipitation was available on an hourly basis. Hourly precipitation from RWIS sensors was either not available or not reliable. As a result, this information is derived from the daily precipitation reported by Environment Canada (EC).
Temperature and RSC data from RWIS were used to fill in the missing data from RCWIS. For visibility and wind speed, RWIS was used as the primary source. RWIS stations record data every 20 minutes. Data from 45 RWIS stations were used in this research. If more than one station exists for a given route, an average value was used.
Environment Canada (EC) data
Weather data from Environment Canada includes temperature, precipitation type and intensity, visibility and wind speed. With the exception of the precipitation intensity data, all other data is in hourly format. Most of the EC stations have missing data. For this reason EC data was obtained from 217 stations for the study routes. This data was processed in three steps: In step 1, a 60 km arbitrary buffer zone was assumed around each route and all stations within this boundary were assigned to the particular route. In the next step using t-test, EC stations were identified, which on average are similar to EC stations near the routes. In the last step, data from different EC stations around a route were converted into a single dataset by taking their arithmetic mean. It was found that arithmetic means provide better results than weighted averages.
Data Processing
Once all the data are converted into an hourly format, they are then merged into a single dataset on the basis of date (day), time (hour) and location (patrol route). Some of the variables in this D r a f t dataset are duplicated as these variables are present in different data sources. In these cases priority is given to RCWIS data then RWIS data and then EC data because the former data sources are collected nearer the study sites and are therefore considered to be more representative. Similarly in case of any missing data for temperature, precipitation or wind in RCWIS, data from RWIS or EC data is used. Missing RSC data from RCWIS are retrieved from accident data or RWIS data. After removal of the duplicates, snow storm events were identified and extracted resulting in 10,932 events comprising of 122,058 hours for the six winter seasons (2000 -2006) . Descriptive statistics for the data are given in Table 3 .
Relative Risk Index
We propose a relative risk measure, called relative risk index (RRI) to represent the overall safety level and drivability of a highway section under adverse winter weather conditions. Specifically, RRI is defined as the ratio of the expected collision frequencies between two conditions as follows (Eq. 1):
Where μ ୵ and μ are the numbers of collisions that are expected to occur on a given highway section over a specific time period (e.g., one hour), i.e., collision frequency, under two condition scenarios: the adverse winter weather event (w) and the base condition -normal weather conditions (non-event), respectively.
A collision model, which is explained in details in the following section, is used to determine the expected collision frequency under the two different condition scenarios, namely, the base (normal) weather conditions and the snow storm conditions. The normal weather conditions represent the states which impose no effect on drivers such as no precipitation or drifting snow Table 4 . Mathematically, GNB model can be described as follows. Let ܻ be a random variable following a Poisson distribution ( ߠ ) with lnሺߠ ሻ = lnሺߤ ሻ + ߝ where ܻ represents the number of collisions during hour i (i=1,…n), ߤ is expected collision frequency at hour i (Eq. 2), and expሺߝ ሻ is a Gamma distributed function ~ Gamma(
where exposure is the total vehicle kilometers travelled in an hour, ܺ represent covariates (e.g., precipitation, RSI, visibility, wind speed), β ୧ is the corresponding model coefficient, and γ ୧ is a coefficient for the over-dispersion parameter model. A summary of the GNB model is presented in D r a f t Table 5 . The traffic and weather related factors, namely, traffic exposure, hourly precipitation, wind speed, RSC, and visibility, were found to have a significant effect on road risk level. Most of the variables were significant at a significance level of 2% or less which is a value well under the generally accepted threshold of 5% with the exception of "Hourly Precipitation" for which the level of significance was 7.9%. This factor was, however, still retained in the model because the value of 7.9% is close enough to 5% and precipitation intensity is also found to have effect on road safety in the studies Comparatively, the degree of impact of RSC (measured in RSI) on road safety is higher than that of weather factors. This could be explained using the concept of "elasticity", which represents the percent change in the expected collision frequency that would result from a 1% change in the independent variable at its mean value. Accordingly, elasticity for RSI (1.93) was found relatively high in comparison to the weather related factors (ranges from 0.02 to 0.5). A more extensive discussion on the findings can be found in Usman et al. (2012) .
Note that other extended forms of NB models such as random-effect NB and random-parameter NB models were also calibrated to explore if these alternative models would perform better.
These are normally applied to the collision data exhibiting a significant spatial heterogeneity. A simple comparison using goodness-of-fit measures including mean absolute error (MAE) and root mean squared error (RMSE) between all models was conducted. The results indicated that there were insignificant differences between GNB and other extended NB models, further confirming the validity of incorporating a GNB model. One of the reasons for having such marginal differences could be due to the consideration of a site as a categorical variable in the GNB model as this may have captured the potential spatial heterogeneity across the patrol routes. D r a f t
RELATIVE RISK INDEX
As explained in Section 3.4, Relative Risk Index (RRI) is a relative measure of risk levels between the normal conditions and the specific conditions of a given snow event. For any particular variable, X i , (e.g., road surface conditions -RSI), the associated RRI can be determined by holding other variables in their model constants. As the collision model specification is in exponential (which is multiplicative) form (see Eq. 2), the remaining variables fixed at certain constant levels are cancelled out, resulting into a simple expression (Eq. 4). Fig. 3 illustrates RRI as a function of individual risk factors. As expected, road surface conditions have the most important effect on the risk level of a highway. Lower RSIs are associated with higher RRIs, which is intuitive as a lower RSI indicates unfavorable driving conditions due to a lower frictional level. Similarly, Fig. 3 (b-e) illustrates that higher RRI levels are associated with severe weather conditions (e.g., higher precipitation, lower temperature, lower visibility and higher wind speed). Eq. 4 shows a case of calculating relative risk of an individual factor. It is also possible to report overall relative risk of multiple risk factors together based on their levels of contributions to the overall risk of collision as shown in Eq. (5).
In our case, we could simply multiply the individual RRI's from Fig. 3 to determine the overall RRI for the given weather and road surface conditions. This gives an opportunity for road authorities to report the relative driving risk of a road section, taking into account all major factors including precipitation, wind speed, visibility, temperature and road surface conditions.
APPLICATIONS
The Relative Risk Index (RRI) defined in Eq. (4) provides a direct link between road safety and individual contributing factors such as road surface condition and weather related factors. In this study, we estimate RRI of different types of descriptive RSCs as we are interested in reporting RSCs in particular. Table 6 shows a mapping from descriptive RSCs (as represented by RSI) to RRI.
When it comes to reporting, the relative risk associated with each road section's surface condition can be presented in a map. Fig. 4 shows an example visualizing the relative driving risk of a regional road network at a particular time of a winter event. D r a f t The RRI can also be used as a basis for determining the overall risk level of a route that has a mix of different types of road surface conditions (e.g., bare, fully snow covered, bare track) and classify it in a way that is consistent with this overall risk level. The following two methods are proposed:
1) Classification based on average RRI (RRI Method 1):
The average RRI of a route is defined as the length-weighted average of the RRIs of all subsections as follows (Eq. 6).
Where l i is the length of subsection i of the route which has a uniform RSC in terms of snow cover, and RRI i denotes the corresponding RRI for the subsection. The overall RSC type could be decided accordingly based on the mapping between RRI and RSCs ( D r a f t Table 6 ).
2) Classification based on the section with the highest overall risk (RRI Method 2): Each subsection (l i ) is converted into a standard section of the base condition by multiplying its length (l i ) by its RRI i , i.e., l i x RRI i . The RSC of the whole route can be classified as the same as that of the subsection with the longest equivalent length.
In the past studies (Blackburn et al, 2004; TAC, 2011) , heuristic rules have been proposed to determine the RSC of a route. The potential problem with this heuristic based approach is that the classification results may not reflect the overall condition and thus the risk of the route. Fig.   5 shows four examples comparing the classification results of the proposed risk-based methods and the TAC method using a hypothetical highway route. The route is 20 kilometers long and divided into 20 sections of equal length (one kilometer each) with each section's road surface type generated randomly according to some assumed condition scenarios. For each example, the sections are sorted by the road surface condition type (from Class 7 to Class 1, as described in D r a f t Table 6 ). These hypothetical scenarios are generated in order to reflect a wide range of possible road surface conditions, including the cases of mild to severe RSCs. In a scenario of mild condition, the majority of highway sections are dominated by bare conditions whereas in severe case by icy/slippery conditions.
Fig. 5. RSC Classification-proposed methods vs. TAC (2011) method
The first example ( Fig. 5-a) is intended to simulate conditions that are relatively severe with RSC ranging from Class 5 (fully snow covered) to Class 7 (fully ice covered). As it can be seen, the second proposed method (RSI Method 2) and the TAC method have classified the route into the same class of Ice Covered (Class 7), which is more severe than the overall route conditions as identified by the risk-based approach (Method 1).
The second example (Fig.5-b) simulates highly mixed RSCs, with RSC varying from Class 1 to Class 7. In this case, the route would be classified as being partially snow covered or slushy (Class 3) by the TAC Method while it would be in the more severe category of Snow Covered (Class 5) or Snow Packed (Class 6) based on its overall risk.
The TAC Method also indicates a lower overall risk in the other two examples (Fig. 5-c, Fig. 5-d ) which simulate two mild conditions with the first one being relatively uniform (Class 1-5) and other having a combination of two extremes (Class 1, 2 and 7). Between the two proposed methods, Method 2 is always on the conservative side, taking the conditions of the higher risk section as the main class.
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Based on the relative risk concept introduced in this paper, the TAC Method could be revised to take into account the relative risk between different RSC categories while retaining its simplicity. • The threshold of 10% that divides the bare pavement categories (Dry or Wet) and the rest is derived from the relative risk between these two general categories (while taking a slightly conservative approach), i.e., ோோூ ಳು ோோூ ಳುశೃೃ = 1.15/(1.15+8.5) x 100% =11.9% or 10% for convenience. Note that TAC also used 10% as a threshold, which was however determined from the common definition of bare pavement status used in practice.
• The threshold of 20% that divides the Partly Covered categories and the rest of the affected area is derived from ோோூ ುೌ ோோூ ುೌశೃೃ = 2.08/(2.08+8.5) x 100% = 20% (note that the RRI value of 2.08 for Partly Covered is the average of the two sub-categories i.e., slushy and partly snow covered). Note that in calculating this ratio for a given route, the bare pavement section should be treated as if it were Partly Covered. Compared to the TAC threshold (50%), this new threshold value is more conservative as the fully covered conditions pose higher risk than the partly covered conditions. D r a f t
• The thresholds of 40% that define the remaining categories are again derived based on the same idea as described above: The proposed revised TAC classification scheme was also applied to the example problems presented in Fig. 5 . As observed, these results are in better agreement with those from the full risk-based approach presented in this paper. Therefore, this revised TAC classification method which is based on risk calculation, unlike the original TAC method, could be convincingly used as an alternative RSC classification method.
CONCLUSIONS AND RECOMMENDATIONS
In this paper, a risk-based approach is introduced for the classification and reporting of winter road conditions with an explicit account of the collision risk that a motorist may experience on a highway under adverse road weather and surface conditions. A relative risk index is introduced on the basis of the risk estimated using a collision model with weather and road surface condition variables as the risk factors. Two approaches are proposed to address the road condition classification challenges. The first approach is applying the risk model to calculate relative risk index (RRI) which represents the relative increase in risk as compared to normal conditions. The RRI value gives an indication of the level of driving risk caused by the respective road surface conditions as compared to normal driving conditions. The second approach is converting D r a f t Fu, Thakali, Kwon, and Usman 22 different classes of road conditions observed on any given route into a single dominant class based on the relative risk between individual classes of road conditions. Typically, road surface condition data are collected over individual sections of highways; as a result, these data can be used to determine the overall risk level of a highway section or a whole highway route. The resulting risk levels could be potentially applied by road agencies to monitor the performance of contractors using a predefined minimum risk level. Moreover, the latter approach could be used to develop new condition classification systems or improve some of the existing classification schemes.
The research can be further extended in several directions. First, the idea of using a safety based risk index to classify winter road conditions can be applied to define other types of performance measures related to the impacts of winter weather, such as mobility and winter maintenance activities. Secondly, further research is needed to investigate the feasibility of developing a universal risk index that is applicable across large geographic areas. This research introduced the idea of a risk-based approach for road condition classification; however, it only tested the idea using the safety model developed for a particular region (MTO). It is unclear that whether or not the relative effects of the individual risk factors would be in similar magnitudes for other provinces or regions. Finally, the validity of the proposed classification scheme needs to be tested against user perception about the actual road conditions. An ideal classification system should be simple, intuitive, and consistent. • ~0.20
• ~0.15
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